The automated detection and mapping of landslides from Very High Resolution (VHR) images present several challenges related to the heterogeneity of landslide sizes, shapes and soil surface characteristics. However, a common geomorphological characteristic of landslides is to be organized with a series of embedded and scaled features. These properties motivated the use of a multiresolution image analysis approach for their detection. In this work, we propose a hybrid segmentation/classification region-based method, devoted to this specific issue. The method, which uses images of the same area at various spatial resolutions (Medium to Very High Resolution), relies on a recently introduced top-down hierarchical framework. In the specific context of landslide analysis, two main novelties are introduced to enrich this framework. The first novelty consists of using non-spectral information, obtained from Digital Terrain Model (DTM), as a priori knowledge for the guidance of the segmentation/classification process. The second novelty consists of using a new domain adaptation strategy, that allows to reduce the expert's interaction when handling large image datasets. Experiments performed on satellite images acquired over terrains affected by landslides demonstrate the efficiency of the proposed method with different hierarchical levels of detail addressing various operational needs. Ó
1. Introduction
Context
In the field of Earth observation, a new generation of sensors with meter and sub-meter resolution has led to an increased production of Very High Resolution (VHR) optical images (Benediktsson et al., 2012) , and to improved operational capabilities for monitoring geohazards. Especially, several studies demonstrated that such kind of imagery enables to inventory and delineate landslide-affected areas (Nichol and Wong, 2005; Barlow et al., 2006; Martha et al., 2010; Mondini et al., 2011; Stumpf and Kerle, 2011) , providing valuable information for the estimation of potential risks to infrastructures and human lives. Comprehensive landslide inventory maps should ideally also provide information about the respective sub-parts of each single landslide which are often characterized by different kinematic patterns. Such type of spatial information on landslide sub-units is of paramount importance for quantitative hazard assessments (Thiery et al., 2007) and the identification of landslide that are more prone to imminent acceleration or fluidization (Raucoules et al., 2013) . VHR satellite images contain sufficient spatial details to depict small geomorphological surface features such as faults, scarps, fissures, rock blocks and lobes, and should in principle also enable an analysis at the level of sub-parts composing a landslide. However, established concepts of landslide geomorphology, such as a first order differentiation between source area, transport area and toe ( Fig. 1) , do not directly correspond to spectrally homogeneous pixels or regions in VHR images. Indeed, the different sub-parts appear heterogeneous as they generally contain different kinds of basic elements with a specific spatial organization (e.g., different kinds of fissures, different sizes and shapes of rock blocks, etc.). Consequently, by opposition to lower resolution images (Yilmaz, 2009; Kayastha et al., 2013) 
Related works
In this context, various region-based approaches have been proposed to automate the extraction of landslides from VHR images (Barlow et al., 2006; Lu et al., 2011; Stumpf and Kerle, 2011; Lahousse et al., 2011; Hölbling et al., 2012; Stumpf et al., in press) . In opposition to pixel-based approaches that mainly use spectral and textural information (Townshend et al., 2000; Mallinis et al., 2008) , region-based approaches enable to consider highlevel (e.g., contextual, geometrical) features to describe the objects to be classified. Indeed, region-based approaches enable to transfer high-level knowledge in computer-accessible features leading to discriminatory decision sets. Such decision sets have been employed for the mapping of landslides from HR (Martha and Kumar, 2013) and multitemporal VHR images (Lu et al., 2011) . Stumpf et al. (in press) have also proposed a supervised framework to automatically select discriminative features among a multitude of potentially useful ones. Nevertheless, most of the proposed approaches do not consider the hierarchical organization of the objects of interest (Benz et al., 2004) , that is a serious drawback when dealing with VHR optical satellite images.
To tackle this issue, two key-concepts can be considered: using multiple images, and using multiple spatial resolutions. On the one hand, multiple images provide complementary information, that can enrich each other. This is specifically true in the case where such images gather different radiometric values, that then carry various semantic information. On the other hand, using images at multiple spatial resolutions provides hierarchical links between their respective radiometric information. (In particular, the availability of a large range of spatial resolutions, from Medium Spatial Resolution (MR, to VHR images, has already led to methods for the extraction of hierarchical patterns (Akcay and Aksoy, 2008; Wemmert et al., 2009; Gaetano et al., 2009 ).) These considerations motivate our use of multiple images at multiple spatial resolutions (Chang et al., 2007) . In particular, we propose to take advantage of this potential spatial (Sun et al., 2003) and radiometric enrichment to propose a multiresolution representation of the data, leading to a hierarchical unsupervised region-based approach.
Contributions
Based on these considerations, a top-down hierarchical regionbased framework has been recently proposed by Kurtz et al. (2012) to segment and classify multiresolution images from the lowest to the highest resolution, and then finally extract complex patterns from VHR images. This top-down hierarchical approach (TDHA) constitutes a generic and versatile framework. In this work, we propose to adapt and improve it, in order to efficiently deal with the case of landslide mapping from remote sensing imagery.
From a methodological point of view, our contributions are twofold. Firstly, we propose to integrate topographic and morphometric a priori knowledge derived from non-spectral data, namely Digital Terrain Model (DTM), for guiding the segmentation/classification process. This strategy has shown promising results in the context of mapping shallow landslides with pixel-based approaches (Mondini et al., in press ). In our approach, this knowledge is used for the construction of the hierarchical image representation data structure, namely a binary partition tree (BPT) (Salembier and Garrido, 2000) considered for the segmentation. It is also used to enrich the feature space in the context of a multiresolution classification procedure (Kurtz et al., 2010) . This enriched TDHA is described in Subsection 2.1. Secondly, we propose a new strategy that allows to reduce the experts' interaction when handling large image datasets. Indeed, the proposed TDHA uses experts' knowledge via the interactive definition of segmentation examples for each semantic class, and at each resolution. Based on the domain adaptation paradigm (Daumé and Marcu, 2006) , whose relevance has already been proved for classification of satellite images (Bruzzone et al., 1999; Bahirat et al., 2012) , we propose a strategy that enables to reduce a minima the error-prone and time-consuming task that consists of providing segmentation examples. This domain adaptation strategy is described in Subsection 2.2.
From an applicative point of view, the proposed method has been used for analysing multiresolution image datasets and map different landslide sub-units. These experiments, described in Section 3, demonstrate the efficiency of the proposed method with different hierarchical levels of detail, addressing various operational needs.
To the best of our knowledge, this work constitutes the first application of a top-down hierarchical strategy, dealing with multiresolution images, for landslides monitoring purpose.
Methodology
This section presents the proposed workflow for the segmentation/classification of landslides from multiresolution satellite images. Subsection 2.1 provides a description of the TDHA, and how it is enhanced by integrating morphometric a priori knowledge derived from DTM. Subsection 2.2 details the proposed domain adaptation strategy enabling to use the knowledge learned on a reference source dataset to automatically process another dataset representing the same type of objects.
Top-down hierarchical approach for segmentation/classification of landslide multiresolution images
The proposed TDHA, summarized in Fig. 2 , takes as input a multiresolution set of n images I 1 ; . . . ; I n (in our case, n ¼ 3 images are considered: one MR, one HR and one VHR image). It provides as output n segmentation/classification maps computed using a topdown strategy. It performs n successive steps (one per spatial resolution image). Each step is composed of: an example-based hierarchical segmentation (see Fig. 2 -r, and Section 2.1.1); a multiresolution clustering (see Fig. 2 -s, and Section 2.1.2). This approach is mainly based on an iterative decomposition strategy: at each resolution/step, the output is embedded into the next resolution image to be processed as input of the next step (see Fig. 2-t) .
Example-based hierarchical segmentation
Overview. The segmentation of a satellite image is a complex task since the different objects of interest do not necessarily share the same spatial scale. To deal with this issue, the segmentation step is divided into k different sub-steps, applied independently to a group of similar thematic ground areas (k is set by the expert and corresponds to the number of thematic ground areas extracted by the multiresolution clustering approach from the previous resolution image, see Section 2.1.2).
Each sub-step requires a segmentation example interactively defined by the expert (Fig. 2-r) . Segmentation is performed by using a hierarchical strategy based on Binary Partition Trees (BPTs) (Salembier and Garrido, 2000; Salembier and Wilkinson, 2009; Valero et al., 2010; Benediktsson et al., 2011; Alonso-González et al., 2012) . Thus, defining a segmentation example consists of providing a cut of the BPT. To this end, a software has been designed to visualize the segmentation results for different cuts in real-time (see Section 3.2). The expert can interactively parse the tree to select a set of nodes producing the required tree-cut example (Fig. 3) . The experts' behavior is then learned. More precisely, a tree-cut example is represented by a set of centroids (modeled by color histograms and spatial features) using a clustering algorithm. This example is automatically reproduced in the similar thematic ground areas of the image by using a cutting strategy that processes all the associated BPTs.
Technical description Building a BPT: The BPT of a multivalued image I : E ! V with B spectral bands V b , is built in a bottom-up approach (i.e., from its leaves to its root). The leaves of the tree are composed by the regions belonging to the initial partition. Practically, the initial partition of E is generally composed by the flat zones of I . The remaining nodes are obtained by successively merging couples of (already defined) nodes of the tree. Such couples of nodes are generally chosen as spatially adjacent, thus leading to a partition of E. The root node represents the entire image support E.
A huge number of distinct BPTs may be obtained for a same initial partition of E. In order to decide which BPT is the most relevant, it is then necessary to define the priority of the fusions between nodes. A BPT generation then relies on two main notions: a region model (which specifies how regions are characterized), and a merging criterion (which defines the similarity of neighboring regions and thus the merging order).
The basic models and criteria used in most image segmentation approaches generally rely on radiometric homogeneity hypotheses (Garrido et al., 1998) . Such models are well adapted to process MR images, but when dealing with VHR images, other geometric and/ or spatial features require consideration. Morphological features related to the sensed ground surface, can provide relevant information for the delineation of the landslides and their sub-parts. They can be obtained from DTM and are typically linked with distinct geomorphological processes (Anders et al., 2011) . Morphological features such as the slope and the curvature of the regions (see Fig. 1 ) can be considered to characterize the nodes during the construction of the BPT.
We propose to rely on both the increase of the ranges of the intensity values (for each spectral band) and on the morphological features of the regions in order to merge in priority objects composing the landslide sub-parts. In the sequel, the chosen region model and merging criterion are defined.
Region model: A node/region R i # E is modeled here by a couple of values
where v Ã b provides the extremal values for the bth spectral band in I , while slop and curv are functions providing the slope and the curvature, respectively. Broadly speaking, M r and M g provide (low-level) spectral and geometrical information. During the merging process, the region model of two merged regions R i and R j is then provided by
While M r is derived directly from the image, values for the slope slop and the curvature curv are obtained as the first and the second order derivatives of a DTM representing the topographic surface.
(Further details on the computation of the derivatives from the DTM at different spatial scales are provided in Subsection 3.1.2.) Merging criterion: At each step, the algorithm determines the pair of most similar connected regions minimizing the increase of the ranges of the intensity values (for each spectral band) and having similar morphological properties. This leads to the following merging criteria
The similarity measure between two neighboring regions R i and R j are then computed as:
with a 2 ½0; 1, where O r ðR i ; R j Þ and O g ðR i ; R j Þ have been normalized.
In practice, the closer the nodes are to the root, the less relevant O r is. Consequently, the weight a can be defined as a function depending directly on the value of O r (and decreasing when O r increases). In particular, it has been experimentally observed that a standard Gaussian formulation
provides a satisfactory behavior of the merging function O (Kurtz et al., 2011) .
Based on these chosen model regions and merging criterion, the BPT is built, as exemplified in Fig. 3 . As a concern of the merging criterion, a part of the BPT nodes may be affected by outlier regions composed of very small sets of pixels with extremely low or high intensity values (Eq. (6)). This behavior could seriously affect the resulting partitions extracted from the BPT, then leading to oversegmentation results. However, this issue is handled by the classification step that will aggregate smaller regions to larger ones based on their spectral and morphological similarities (e.g., a small region with extreme values surrounded by a larger region with different values but with the same altitude and slope). 3. An example of BPT associated to an HR image (the number of nodes is significantly reduced, for sake of readability). The nodes of the tree are depicted by color disks (the root is the highest node). The colors of the nodes (from yellow to red) symbolize the decrease of the similarity measure Or between two neighboring regions (and thus, also the decrease of the function controlling the trade-off between Or and Og ). For the sake of visualization, three partitions associated to three cuts of the BPT are depicted. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Multiresolution clustering
Overview. The classification of the segments created by the previous step is performed by using a multiresolution clustering approach (Kurtz et al., 2010 ) to automate as much as possible the global process (which is already affected by a semi-automatical segmentation step). Instead of characterizing the segments extracted at the current resolution by using classical features (e.g., color, texture, shape), we use their decompositions at the next resolution ( Fig. 2-s) . To this end, for each segment, a class-based histogram is computed modeling its composition in terms of radiometric clusters into the next resolution image. A classical clustering approach -here, the K-MEANS (MacQueen, 1967) -is then performed to create c groups of segments sharing similar features where c is set by the expert (we also offer the possibility to instantiate this methodology with a supervised classification approach). Once these groups have been created, the expert selects and recognizes them to match with potential thematic ground classes (e.g., Cluster 1 ? Vegetation, . . . , Cluster c ? Landslide).
These c clusters are then embedded into the next resolution image to be processed as input of the next step ( Fig. 2 -t) and segmented into sub-clusters of interest. Practically, the c clusters are then considered in the next resolution image as the k groups of thematic ground areas to be segmented, and new BPTs are built inside these groups of segments (see section 2.1.1). This original strategy enables to cluster into similar groups (at the current resolution), regions sharing similar image characteristics at the next considered resolution.
Technical description As stated above, the multiresolution clustering approach used in the proposed TDHA is mainly based on the notion of color class-based histogram to characterize the segments to be classified. These multiresolution features are well adapted to deal with MR and HR images to enable the extraction/classification of the whole structure of the landslides.
In the specific case of the classification of the landslide subunits (i.e., source area, transport area, toe) from VHR images, it is also relevant to consider the morphological features of the data during their classification. Consequently, we consider both the radiometric and the spatial properties of the ground during the classification of the regions extracted from the VHR images. In this way, we propose to characterize each segment extracted from the VHR images using the following features: the radiometric average value of each spectral band A 1 ; . . . ; A B ; the slope value slop; the curvature value curv; the normalized altitude value alt.
Indeed, preliminary experiments have shown that morphological features could enable separation of the different classes related to the considered object of interest. In particular (see Fig. 4 ) slope and normalized altitude seem to be powerful features to discriminate the landslide sub-units.
Domain adaptation strategy
The classical domain adaptation approaches act by transferring the learned model (in general, a classifier) from a training to a target dataset for which a priori information is not available. We propose hereinafter a wise extension of such approaches enabling the transfer of a segmentation established interactively by an expert on a geographic subset of a remote sensing dataset to automatically process the data in a target region of interest.
Transfer of the learned elements
Once a multiresolution set of images has been processed (i.e., segmented and classified) in a training area, it becomes possible to transfer the learned segmentation examples and clusters to process the set of images for target regions of interest. The underlying idea is that a specific landslide (or sub-units of a landslide) extracted from a particular ground unit will present similar spatial and radiometric characteristics as other landslides within the same geographic ground unit. Consequently, we assume that the landslides (and their sub-components) from the training and the target area can be characterized with similar geometrical and radiometric (i.e., slope, curvature, normalized altitude) features.
For the processing, we transfer the following elements from the training area to the target one: the K tree-cut examples provided by the expert (for each thematic ground area of each resolution image in the training area) during the hierarchical example-based segmentation step
of color histograms and geometrical features ð9Þ
These K examples can be used as input of the example-based segmentation approach to run the cutting strategy on the BPTs built for the different thematic ground areas of the images. This approach enables to automatically segment the n images at the target area; the C centroids of the clusters (related to the different resolution images) learned during the multiresolution clustering step (and their potential associated semantic label, e.g., Cluster 1 ? Vegetation class)
These C centroids can be used as input of the multiresolution clustering approach to classify the segments automatically created by the example-based segmentation approach.
Robustness to statistical variability
Due to potential differences in the environmental conditions (e.g., differences in atmospheric conditions, sun incidence angle, variations of the lithology, possible changes in surface soil moisture), the statistical distributions of the data in the target area may differ from the training area in a similar manner than between different datasets (Bahirat et al., 2012) . Consequently, the statistical properties of the transferred learned elements could not be relevant to efficiently segment and classify the images at the target area. For instance, if the distribution of the color values is shifted from the training to the target area, the tree-cut examples provided by the expert during the hierarchical example-based segmentation step (modeled by color histograms) could not be adapted to segment the images composing the target area. Indeed, the algorithm used to repeat the segmentation examples on the remaining parts of the images is mainly based on the computation of a distance between pairs of histograms and most of the classical distance (e.g., the Euclidean one) are sensitive to the translation of the color values.
To deal with this issue, a solution consists of using a more robust distance to compute the similarity between histograms. We propose to use the constrained Dynamic Time Warping (DTW) similarity measure to compare the considered histograms (Sakoe and Chiba, 1978) . Indeed, this similarity measure enables small distortions on the radiometric axis (Petitjean et al., 2012a where k 2 Z represents the tolerance of distortions on the radiometric axis and H xÁÁÁy ðHÞ represents the sub-histogram hH x ðHÞ; . . . ; H y ðHÞi. This similarity measure requires larger computation times than the Euclidean distance, but provides better results. Associated to this measure, different averaging methods have been recently proposed (Petitjean et al., 2011; in order to define efficiently the mean histograms.
Since the centroids of the clusters learned during the multiresolution clustering step are modeled by class-based histograms (and robust spatial features), they are more adapted to deal with the statistical variability among the considered areas. Consequently, these elements can be transferred without adapting them to the statistical distribution of the target area.
Experiments
The datasets used to test the proposed method are described in Subsection 3.1. In order to allow the expert to actually test the proposed multiresolution methodology, a software has been designed. This tool is described in Subsection 3.2. The evaluation protocol is presented in Subsection 3.3 while the experimental settings and the results obtained are presented in Subsection 3.4.
Data

Multiresolution images
The study area is the Barcelonnette basin (South East French Alps) which is characterized by specific slope, lithological, and climate conditions favoring the triggering of landslides of different sizes (Malet et al., 2005) . In this study, three subsets comprising the La Valette, the Poche and the Super-Sauze slow-moving landslides are examined (Fig. 5) . These landslides have a similar spatial organization with the presence of a more or less circular (in the horizontal plane) scarp area and an elongated transit zone narrower than the source area. These geometrical features are characteristic of flow-like landslides. Moreover, the three landslides have developed the same lithology (e.g., black marls) and are characterized by important coverage of bare soils at the surface; the radiometric values observed on each landslide are therefore in the same range. We then consider three datasets (denoted LA VALETTE, POCHE and SUPER-SAUZE and presented in Fig. 6 ) composed each of: a LANDSATTM MR (30 m) multispectral image with seven spectral bands (denoted as I 1 ); a RAPIDEYE HR (5 m) multispectral image with five spectral bands (denoted as I 2 ); a VHR (50 cm) ortho-image, geometrically corrected, with three spectral bands (denoted as I 3 ).
All these images have been acquired in Summer 2009. In order to avoid image-to-image registration issues, all the data are georeferenced in the same local cartographic projection (Lambert I). This guarantees the feasibility of the multiresolution approach. In addition, as the proposed multiresolution methodology is region-based, the image-to-image mapping is not operated at the pixel level but at the region one. This property can seriously reduce potential image-to-image registration issues that are not fixed by the georeferencing step at the pixel level.
Terrain parameters
For each dataset, a DTM with a spatial resolution of 3.4 m is available. These models have been derived from three LiDAR surveys acquired in Summer 2009. From these DTMs, a slope gradient image and a curvature image are computed. In the classical case, the computation of the raster files corresponding to these gradient images is usually done in a 3 m Â 3 m neighborhood moving window. However, when dealing with a high spatial resolution DTM, this small size of neighborhood captures a lot of local details that are not relevant for the general partitioning of the landslide. To deal with this issue a solution consists of resampling the obtained raster files to enable the consideration of more general structures (e.g., scarp, track, toe). Since simple resampling to coarser resolution would lead to a loss of information, we propose in these experiments to use a multiscale approach (Wood, 1996) that allows the computation of resampled images with variable window sizes via a least square fitting strategy. We have experimentally assessed the impact of the main parameter . (i.e., the longitudinal curvature window size -expressed in meters) by setting it to different successive values (3, . . . , 115) and found that . P 39 corresponds to a scale adapted to deal with the different structures of interest that need to be extracted (Fig. 7) .
These gradient images have been resampled successively to 5:0 m and 0:5 m spatial resolution images in order to process the HR and VHR images composing the datasets. In addition, these resulting images have been georeferenced in the same local cartographic projection as the one used for the considered multiresolution optical images.
Levels of analysis
To evaluate the efficiency of the proposed methodology, several tests have been performed to extract hierarchies of complex patterns in the three datasets. The TDHA was run with three images as input (n ¼ 3) in order to extract three levels of details: Level 1. Large natural areas from the MR images I 1 : spatial separation between mineral and vegetated areas. Level 2. Landslides structures from the HR images I 2 : landslide bodies and surrounding crests and gullies. Level 3. Landslides sub-parts from the VHR images I 3 : source area, transport area and toe.
For Levels 1 and 2, the principal task was mainly to distinguish the landslide bodies from the surrounding crests and gullies, and since the affected area is one compact object this rather corresponds to an image segmentation task.
Software
In order to allow the expert to test the proposed multiresolution methodology, a software tool has been designed to interactively browse each BPT in a ''threshold-like'' approach in order to determine the most satisfactory segmentation examples (globally, and/ or by refining one or several branches).
Due to the pre-processing of the data structures, the short computation time (less than 30 s of CPU) enables, in particular, to carry out several segmentations to finally select the best one. We have also developed (and integrated in this software) a TIFF library which allows to load only the subdivisions of the images that are necessary to the current segmentations. This library enables to reduce the memory resources required by the application. This tool has been implemented using the Java MUSTIC library and the Orfeo Toolbox (OTB) framework. Both are open source libraries and are freely available.
2 It is planned to fully integrate the proposed methodology into these libraries and to distribute this software under a free license.
Evaluation protocol
Two evaluation protocols have been used to assess the efficiency of the TDHA:
1. visual analysis of the segmentation/classification results (for Level 1): a grade between 1 (bad accuracy) and 10 (high accuracy); 2. quantitative accuracy assessment with comparisons to groundtruth maps (for Levels 2 and 3).
To perform quantitative accuracy assessment, the classification results have been compared to certified ground-truth maps by using different quality indexes. The ground-truth maps are based on field work and visual interpretation of (V)HR satellite imagery. Fig. 8 presents the ground-truth maps used in the experiments to evaluate the accuracy of the classification results.
We describe hereinafter the quality indexes considered in this study. The first index that has been used is the average F-measure F corresponding to the mean, for each class, of the obtained Fmeasures. To this end, for each thematic class, the best corresponding clusters (in terms of partitions) were extracted. Then, we have computed: the percentage of false positives (denoted by f ðpÞ ), the percentage of false negatives (denoted by f ðnÞ ) and the percentage of true positives (denoted by t ðpÞ ). These measures are used to estimate the precision P and the recall R of the results: For each experiment, we have then computed the geometrical mean P of the obtained precisions and the geometrical mean R of the obtained recalls. Finally, we have computed the mean F-measure F which is the harmonic mean of the mean precision and the mean recall:
The second index that has been computed is the Kappa index K, which is a measure of global classification accuracy (Congalton, 1991) : where PrðaÞ is the relative agreement among the observers, and PrðeÞ is the hypothetical probability of chance agreement. The Kappa index takes values in ½0; 1 and decreases as the classification is in disagreement with the ground-truth map. We have computed this index as follows. The approach consists of considering all point couples ðx 1 ; x 2 Þ ¼ ððx 1 ; y 1 Þ; ðx 2 ; y 2 ÞÞ and seeing the configuration of these two points in each partition (the clustering result and the groundtruth). There are four possible configurations; for each one, a counter is associated and incremented each time a configuration appears:
1. x 1 and x 2 belong to the same partition both in the clustering and in the reference map (counter s s ); 2. x 1 and x 2 belong to the same partition in the clustering but not in the reference map (counter s d ); 3. x 1 and x 2 belong to the same partition in the reference map but not in the clustering (counter d s ); 4. x 1 and x 2 belong to the same partition neither in the reference map nor in the clustering (counter d d ).
Thus, the Kappa index is computed with:
and
The computation of these class-specific indexes requires the matching of classes of interest with clusters extracted by the unsupervised classification approach. To this end, we have used an automatic strategy, which consists of selecting the clusters that maximize the overlapping with the corresponding class. As the results provided by the K-MEANS algorithm are sensitive to the initialization step of the algorithm, each classification run has been repeated ten times. We have then computed the variance value r obtained for each considered evaluation index and for each series of runs.
Experimental study 3.4.1. General settings
To process the three considered datasets, the TDHA has been parametrized as follows. The example-based hierarchical segmentation step and the multiresolution clustering step have been iteratively run three times (n ¼ 3) to extract the objects of interest linked to the three considered scales. To perform, K ¼ 11 tree-cut examples have been provided by the expert (k 1 ¼ 1; k 2 ¼ 4; k 3 ¼ 6) and C ¼ 20 clusters have been extracted (c 1 ¼ 4; c 2 ¼ 6; c 3 ¼ 10). The values of these parameters have been chosen in agreement with the experts in landslide analysis to enable the extraction of the different land-cover classes. For instance for the MR images (c 1 ¼ 4), four clusters have been extracted corresponding respectively to four land-cover classes: high reflecting mineral areas, low reflecting mineral areas, herbaceous vegetation areas and forest areas.
Preliminary experiments with the example-based hierarchical segmentation approach have shown that using tree-cut examples modeled by 10 color histograms, each one composed of 100 bins is sufficient to produce relevant results. One may notice that the multiresolution clustering approach did not directly find all the appropriate clusters with respect to the different classes of object of interest. To tackle this problem, the standard solution consists of extracting a higher number of clusters than the number of thematic classes contained in the expected results. Once these clusters have been extracted, the expert could recognize and manually associate them to natural landcover classes.
Extension of TDHA for landslide detection
To validate the extension of TDHA to landslide detection, and in particular the interest of the use of spatial features, we have compared the results obtained by introducing or not these features both in the segmentation and in the classification steps.
Segmentation step. In order to evaluate the interest of constraining the way to build the BPTs by using or not the spatial features, we have run the segmentation step by varying the a parameter of the merging criterion (see Eq. (7)) to different values.
The first segmentation experiment has been performed by only considering the radiometric region model of the nodes during their fusions. To this end, the weight a has been set to 1:0 in the equation of the merging criterion. The second segmentation experiment has been performed by considering both the radiometric and the geometrical region models of the nodes during their fusions. To this end, the weight a has been defined as stated in Eq. (8). Once the images of the different datasets have been segmented by the hierarchical segmentation step, the resulting regions have been classified using the proposed multiresolution clustering approach. To evaluate the quality of these segmentation results, we focus on the results of the HR images (Level 2) for the three datasets.
After classification, the comparisons between the classified regions resulting from the first segmentation experiment (i.e., only the radiometric model) and the ground-truth maps have shown Kappa values and F-Measures of (K ¼ 0:38 and F ¼ 0:61) for the LA VALETTE dataset, (K ¼ 0:36 and F ¼ 0:54) for the POCHE dataset and (K ¼ 0:37 and F ¼ 0:58) for the SUPER-SAUZE dataset. After classification, the comparisons between the classified regions resulting from the second segmentation experiment (i.e., both radiometric and geometric models) and the ground-truth maps have shown Kappa values and F-Measures of (K ¼ 0:41 and F ¼ 0:63) for the LA VALETTE dataset, (K ¼ 0:39 and F ¼ 0:57) for the POCHE dataset and (K ¼ 0:40 and F ¼ 0:61) for the SUPER-SAUZE dataset.
To assess visually the differences between the segmentation results obtained by considering or not the spatial information, Fig. 9 focuses on the segmentation results of the HR image of the LA VAL-ETTE dataset. One can see that the segmentation results obtained with the proposed landslides extension of the TDHA are spatially more consistent and regular than the results obtained without considering the spatial information. These quantitative and visual accuracy assessments show that considering spatial features during the segmentation step of the TDHA enables to enhance the segmentation of landslides.
Classification step. After the segmentation step, the resulting regions have been classified using the proposed multiresolution clustering approach. The regions extracted at Level 1 and Level 2 have been characterized using composition histograms and the classification maps obtained have been visually or quantitatively evaluated. For Level 3, different combinations of radiometric and spatial features have been used to characterize the regions to be classified:
Experiment 1: (A 1 ; A 2 ; A 3 ) the radiometric mean value of each spectral band. Experiment 2: (A 1 ; A 2 ; A 3 ; slop) the radiometric mean value of each spectral band combined with the slope value. Experiment 3: (A 1 ; A 2 ; A 3 ; curv) the radiometric mean value of each spectral band combined with the curvature value. Experiment 4: (A 1 ; A 2 ; A 3 ; slop; curv) the radiometric mean value of each spectral band combined with the slope and the curvature values. Experiment 5: (A 1 ; A 2 ; A 3 ; slop; curv; alt) the radiometric mean value of each spectral band combined with the slope, the curvature and the altitude values.
As the altitude information of the regions represent absolute values extracted from the DTM, they can differ from one landslide to another and then cannot be sufficiently discriminative to separate the regions composing the different sub-units of the landslides. To deal with this issue, we have normalized the altitude values of the regions by using the global structure of the landslides extracted at Level 2. To this end, we assume that a landslide has a slope structure. By noting alt max and alt min its highest and lowest altitude, respectively, we then affect to each region R i # E composing the landslide a normalized altitude value computed as:
Results obtained on the three datasets are shown on Fig. 10 . For each level of analysis, the classification maps obtained are represented. The results of the visual and quantitative accuracy assessments are presented in Table 1 . Fig. 10 (left column) presents the results for the extraction of large natural areas (Level 1) from the MR images. The mineral parts (orange, red clusters) and the vegetation parts (light green, dark green clusters) are correctly separated by the process. Furthermore, the landslides are correctly located in the image. Fig. 10 (center column) presents the results for the extraction of the landslides structures (Level 2) from the HR images. The landslide body is correctly delineated in the classification result and the different kinds of vegetation (light green, dark green clusters) are correctly separated by the process. Finally, Fig. 10 (right column) shows the results for the extraction of the landslide sub-parts (Level 3) from the VHR images.
To compare the impact of the different spatial features used during the classification of the regions extracted at Level 3, Fig. 11 shows the classification results obtained on the LA VALETTE using the different combinations of features. One can note that the more discriminative spatial features are the slope and the altitude values, that enable to accurately separate the landslide structure in the different sub-parts of interest. This visual study is also confirmed by the results of the comparisons with the ground-truth maps presented in Table 1 .
Domain adaptation experiment
Experimental protocol. To evaluate the interest of the presented domain adaptation strategy, learning transfer experiments have been carried out:
SUPER-SAUZE ? LA VALETTE: the SUPER-SAUZE area has been used as training area while the LA VALETTE area has been used as target area; LA VALETTE ? POCHE: the LA VALETTE area has been used as training area while the POCHE area has been used as target area; POCHE ? SUPER-SAUZE: the POCHE area has been used as training area while the SUPER-SAUZE area has been used as target area.
Practically, the K ¼ 11 tree-cut examples (provided by the expert during the example-based segmentation step) and the C ¼ 20 centroids of the clusters (learned during the multiresolution clustering step) which are resulting from the processing of the training area, have been transferred to automatically process the target dataset. However, as different specific thematic classes (i.e., mineral and/or vegetated clusters) are not present in the considered target datasets, the segmentation examples and the learned clusters corresponding to these classes have not been considered during the transfer step.
The impact of the k parameter (required for the computation of the constrained DTW similarity measure) on the quality of the obtained segmentation/clustering results has been tested. We recall that this parameter represents the tolerance of distortions on the radiometric axis between the bins of pairs of color histograms during their comparisons (see Eq. (11)). It enables to deal with the statistical variability of the datasets during the transfer of the learned knowledge. To study the impact of k, we have run the domain adaptation experiments on images at different resolutions, by varying the parameter (k ¼ 0; 5; 10; 15; 20; 25; . . . ; 100) . As the considered color histograms are composed each of 100 bins, the maximal value of k is 100. Each experiment has then been assessed by using the evaluation measures presented previously. Table 2 . The results obtained on the three datasets are slightly lower when the segmentation examples and the clusters learned are transferred from another dataset than when they are learned directly. However, such results are sufficient to detect landslides. Furthermore, these experiments show that it is possible to maximize the potential of the expert-defined segmentation examples (and thus to reduce the time spent by the expert) to process several large datasets sensed over similar hazardous territories. Impact of the k parameter. We discuss hereinafter the impact of the choice of the k parameter value during the learning transfer step. The result of this impact-study is presented in Fig. 12 . From k ¼ 0 to k ¼ 20, the quality of the segmentation and clustering results increases. In particular, best results are obtained when k ¼ 15 for the (LA VALETTE ? POCHE) experiment and when k ¼ 20 for the (POCHE ? SUPER-SAUZE) experiment. After k ¼ 20 the quality of the results remains stable.
Such experiments confirm our original assumption: the automatic reproduction step of the tree-cut examples is directly affected by the differences between the statistical distributions of the data composing the training area and the target one. However, the results obtained show that the use of the constrained DTW similarity measure to compare the considered histograms is a relevant strategy to deal with this issue.
Nevertheless, a too high value of k can increase the computation times. Experiments show that k ¼ 15 is a good balance between time-cost constraints and the desired accuracy of the segmentation results for the considered images.
Discussion. We show in this study that the hierarchical segmentation and classification models learned on a first dataset sensed over a particular landslide can be re-used in order to automatically process other datasets sensed over the same kind of landslide. An actual limit is that the proposed approach requires that the multiresolution images used for the mapping only cover the landslide surface (and not a larger heterogeneous region with different types of landslides). A potential solution to this issue would consist of integrating the TDHA to a landslide mapping framework initialized with a landslide detection approach (Stumpf et al., in press ). Such a detection step could be performed from a low resolution image covering a large heterogeneous area composed of various landslides. The TDHA approach could then be used for the fine mapping of a particular landslide selected by the detector. The domain adaptation strategy could then be used to automatically process other landslides of the large area.
Comparisons with related works
To highlight the relevance of the proposed top-down multiresolution methodology for landslide mapping, we compared the results obtained within this framework to those obtained with other related methodologies. In particular, we considered two specific segmentation approaches, based on a bottom-up strategy and that can be used to extract landslide features directly from the VHR images (i.e., in a monoresolution fashion).
More precisely, the TDHA has been compared to the standard Mean-Shift algorithm (Comaniciu and Meer, 2002 ) and a regionmerging algorithm (based on both image spectral and textural characteristics) (Baatz and Schape, 2000) which have shown satis- This study has shown that the percentages of sub-parts of the landslides well recognized with the Mean-Shift and the regionmerging algorithms are lower than those obtained with the TDHA (for each dataset considered individually). In average for the three datasets, the proposed multiresolution methodology enables to extract a large part of the objects of interest (K ¼ 0:42 and F ¼ 0:68) while these scores reach (K ¼ 0:40 and F ¼ 0:64) with the MeanShift algorithm and (K ¼ 0:38 and F ¼ 0:61) with the region-merging algorithm. A qualitative analysis carried by two experts in landslide mapping has also confirmed these results.
This comparative study suggests that the proposed top-down multiresolution methodology provides better results than those obtained with a bottom-up strategy applied on VHR images. Furthermore, the TDHA enables to extract different levels of objects of interest while most of the other related approaches enable only the extraction at a single semantic level. This multiscale property leads to a better understanding of the observed scenes and their compositional structures which is a crucial need when dealing with the mapping of geohazards. In addition, our methodology is interactive and thus intuitive to configure for the expert who needs to process rapidly huge mass of data.
Conclusion
This article has introduced a novel approach for the detection of landslides from multiresolution sets of images. It is based on a topdown multiresolution hierarchical approach that takes advantage both of geomorphological information for guiding the segmentation/classification steps, and of a domain adaptation strategy to optimize and minimize the expert's interaction.
From a methodological point of view, it constitutes an original solution to address the issues linked to the analysis of VHR images. Based on a multiresolution paradigm, the proposed approach enables to deal with such images without being convoluted by the large size and the level of details of these data. Furthermore, this partitioning approach authorizes to adapt the scale of the segmentation process to restricted areas of the images instead of segmenting the whole dataset using only one segmentation parameter. To reduce the amount of time spent by the expert to supervise the global extraction process, it has been proposed to re-use the knowledge learned on a first dataset in order to automatically process other datasets. We have seen that considering the DTW criteria as similarity measure when comparing the knowledge extracted from a training area to the one extracted from a target area, enables to deal with the variability in the statistical distribution of the data, and then to enhance the classification process.
From an applicative point of view, this article has proposed a novel strategy to address the issues linked to the analysis of geohazards. Experiments performed on three sets of multiresolution satellite images were carried out to evaluate the robustness of this methodology in the context of the extraction of natural landslides. These experiments have provided satisfactory and accurate classification results which may be further used for operational needs, in particular for the assessment of natural disasters in hazardous areas.
This work opens up various research perspectives. As methodological perspectives, the choice of the considered spatial features in the segmentation and in the classification processes has to be deeply studied. For instance, textural and topological features could be used. We also plan to validate the proposed methodology by using other segmentation and classification strategies. Finally, we plan to study more formally the robustness of the learning transfer step to deal with different kinds of landslides and images. As thematical perspectives, the impact of potential image-to-image spatial registration issues (at the region level) will be analyzed in a future study. As technological perspectives, the coming pair of SENTINEL-2 satellites will provide at the same time images with different spatial and radiometric resolutions (four bands at 10 m, six bands at 20 m and three bands at 60 m at a high temporal frequency). Coupled with VHR images sensed by the PLEIADES satellites, these images will offer important properties of temporal and multiresolution complementarity adapted to deal with landslides extraction. In this context, we plan to study new trends to extend the proposed approach to deal with such properties by using dedicated multitemporal approaches .
